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Abstract—Self-tracking at 6 degrees of freedom in real-time
is essential in lots of emerging applications such as VR/AR/MR
simulation, indoor navigation, and so on. With the development
of built-in sensors in smartphones, many self-tracking solutions
have appeared. Many researchers try to utilize vision-based
approaches combined with an Inertial Measure Unit (IMU)
to realize self-tracking with smartphones. After testing these
approaches, however, we find that tracking would be lost in
four such common scenarios: 1) When the IMU rotates fast
or for a long period of time, it will cause serious delays in
orientation tracking; 2) The scenes where background features
are not distinct enough; 3) When the smartphone moves fast,
image features become quite different in successive frames; 4)
Unstructured scenes where background features are not static. To
address these issues, we propose iTracker, which utilizes Real-time
Step-Length Adaption Algorithm to solve the scenario (1) and a
Parallel-Multi-State Local Recovery method to deal with scenarios
(2)-(4). Extensive experiments show that iTracker realizes robust
and accurate self-tracking in these four scenarios with an error
of 0.7% throughout the whole trajectory.

I. INTRODUCTION

Tracking a smartphone’s location and orientation at 6 de-
grees of freedom (6DOF) in real-time has become a funda-
mental requirement in a lot of fields, such as motion sensing
games, human-computer interaction and VR/AR/MR simula-
tion. Compared to the solutions with external infrastructure
support, self-tracking with a smartphone is more challenging
and provides more generic services to drive other industry
developments. For instance in the field of VR/AR, more
and more manufacturers e.g., SAMSUNG Gear VR, Google
Cardboard and Impression PI, are utilizing smartphones as
display tools in helmets to track the people’s heads with
smartphones, instead of external infrared radiation projector
s or binocular ranging.

Numerous self-tracking technologies have been studied in
the context of smartphones. For orientation tracking, many
approaches utilize the Inertial Measurement Unit (IMU) to
acquire inertial information, and then track the orientation
with a Kalman Filter, Complementary Filter [10] or Gradient
Descent Filter [20]. Self position tracking can be achieved by
GPS, fingerprinting [5, 29] and Pedestrian Dead Reckoning
(PDR) [35]. These approaches are limited by the application
environment and error accumulation. In the graphics area, the
problem of Simultaneous Localization and Mapping (SLAM)
has been studied for decades. There are many monocular ap-
proaches such as SVO [9] and LSD-SLAM [6]. However, off-
the-shelf smartphones are not yet equipped with the cameras
required by these works. Therefore, many researchers try to

utilize SLAM methods combined with IMU for 6DOF self-
tracking of smartphones [23]. After testing these state-of-the-
art approaches, we found that the tracking will be lost in the
following scenarios:
(1) When a smartphone rotates fast, the orientation tracking

of the IMU suffers serious delay and causes a full pose
error using traditional Kalman Filter and Gradient De-
scent methods. As shown in Fig.2(a), as the angular rate
increases, so does the degree error. Here we obtain the
degree error by rotating the smartphone 90 degrees under
different angular rates. The degree error increases abruptly
from 4� to 17� along with the angular rate varying from
20 to 30 degree/s.

(2) When the background features are not distinct enough (e.g.
white wall), the tracking is easily lost as the image features
do not match correctly in two successive frames. For
example, in Fig.1(a)(b), as the main features in the image,
the three red bottle caps are supposed to be matched
in order. In most cases, however, the rightmost one in
Fig.1(a) is mismatched with the leftmost one in Fig.1(b)
occasionally since the bottles look similar to the camera.

(3) The existing approaches assume that the camera can ob-
serve naturally-occurring visual features. When the camera
moves faster than its frame rate, however, successive
frames contain dramatically different features. For instance
in Fig.1(b)(c), no features can be observed repeatedly
due to the fast movement. Fig. 2(b) shows the average
drift distance when the smartphone moves at different
velocities. The drift distance increases dramatically when
the velocity exceeds 0.125 m/s.

(4) All the monocular SLAM methods assume a structured
environment where the features are static, otherwise
their performance will severely degrade. As shown in
Fig.1(c)(d), when one of the features in the red box
is moved from its original place, the tracking of the
smartphone position is lost.

To achieve sustained and stable self-tracking with smart-
phones, we propose iTracker, a system which can realize
6DOF self-tracking in unknown and unstructured environ-
ments where features are dynamic and indistinct. iTracker
calculates the orientation, norm of hand rotation, force of
hand and step length with the embedded sensors like an ac-
celerometer, a gyroscope and a magnetometer. By combining
the advantages of two approaches, IMU-based and Monocular-
SLAM, we also develop an IMU-Monocular-SLAM EKF

2019 16th Annual IEEE International Conference on Sensing, Communication, and Networking (SECON)

978-1-7281-1207-7/19/$31.00 ©2019 IEEE



Feature-Less Scene:
The rightmost bottle cap in Fig.1 (a)
is mismatched with leftmost one in 

Fig.1 (b) but not in order as supposed 

Fast-Moving Scene:
None of bottles in Fig.1 (b) can be  

observed in Fig.1 (c) in two 
successive  frames due to the fast 

movement of the camera 

Unstructured Scene:
The feature in the red box in Fig.1 (c)

is moved away from the original 
place shown in Fig.1 (d) 

Fig. 1. Four classic scenarios where self-tracking becomes easy to lost.
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Fig. 2. Influence of angular rate and moving velocity

method. Then we design a new structure called Parallel-Multi-
State Local Vector which is used to detect lost tracking in
real-time and recover it automatically. The main contributions
of this paper are summarized as follows:

• To the best of our knowledge, iTracker is the first work to
study the lost problems of self-tracking with smartphones
in scenarios (1)-(4), and provide the solutions to detect
and recover the error.

• For scenario (1), we propose Real-time Step-Length
Adaption Algorithm to adjust the step length dynamically
and adaptively, and reduce the degree error by 7� and the
delay by 22ms for a 5-minute rotation.

• For scenarios (2)-(4), we propose Parallel-Multi-State
Local Recovery to detect the lost tracking situation and
recover it automatically. Compared to two existing meth-
ods, this reduces the distance drift of nearly 3m to 0.3m.

• We design and implement iTracker in SAMSUNG
GALAXY smartphones, which can realize self-tracking
without any obvious loss in all the scenarios. Then the
average distance error is within 0.7% over 2000-meter
trajectories.

The rest of the paper is organized as follows. Section II
summarizes the related work. Section III describes the system
overview. Section IV presents the detailed design of iTracker.

We demonstrate the implementation, evaluation results and
discussions in Section V. Lastly, Section VI concludes the
work.

II. RELATED WORK

In this section, we survey the existing methods for motion
and pose tracking with smartphones and other off-the-shelf
devices.

A. Tracking using smartphones

Orientation tracking with smartphones: By utilizing a
combination of sensors including an accelerometer, a gyro-
scope, and a magnetometer, the rotational movements can be
tracked. Several methods have been proposed for orientation
tracking. Android API utilizes Kalman Filter to calculate
the orientations. The authors in [10] estimate the upper-limb
orientation based on a Complementary Filter. Madgwick [20]
proposes an effective orientation estimation method using a
gradient descent algorithm. However, these methods can not
work well when a smartphone rotates fast or for a long period.

Position tracking with smartphones: These works can be
divided into two categories: one is device-free coarse position
tracking achieved by GPS, fingerprinting and PDR [4, 17, 35].
GPS-based solutions are limited by the working scenarios, and
the error is meter-level. Fingerprinting achieves coarse indoor
position tracking by utilizing the information of cellular-
IDs or Wi-Fi which is susceptible to the environment. Error
accumulation for PDR solution is critical and difficult to solve.
iMap [19] automatically constructs the indoor maps by merg-
ing crowdsourced walking trajectories from the smartphone
users.The other is device-based accurate position tracking. In
papers [2, 34], they use ultrasound and acoustic signal to track
smartphones in the air. The authors in [36] consider a phone-
to-phone scenario, where they can track each other. However,
neither system is suitable for fine-grained device-free tracking.
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Fig. 3. System Architecture of iTracker

B. Tracking using other smart devices

This section introduces some tracking methods applied on
other smart devices. They can be divided into anchor-based
tracking and vision-based tracking. Specifically, we survey the
vision-based tracking approaches in Structure from Motion
(SFM) and Simultaneous Localization And Mapping (SLAM).

Anchor-based tracking: Many methods use an anchor
point to infer the precise position. Smartpen [18] uses an
ultrasound and infrared ray (IR) sensor to track the pen on a 2D
surface. Facebook Oculus [30] uses IR to track its headset with
high accuracy in 3-D space. Razer [11] uses electromagnetics
to track its game hand shake in 3-D space. Xbox Kinect and
Wii [22, 25] utilize a camera to track hand positions and
recognize hand shake. Meanwhile, the paper [33] tracks the
RFID tags in 3-D space. Note that, all these approaches need
external infrastructure support.

SFM: SFM is to estimate the motion and structure from an
image sequence in Computer Vision literature. The paper [7]
proposes off-line solutions. With the help of Sliding Window
processing and refinement, real-time methods are proposed for
stereo sequences [26] and monocular sequences [26]. As SFM
is mostly used for off-line scenarios and the computational cost
is high, it is not suitable for resource-constrained devices.

Vision-based SLAM: SLAM has been a significant process
in autonomous robot navigation [28]. In recent years, Monoc-
ular Slam has become a hot topic[14, 27]. Besides robots
navigation, Google’s Project Tango and Micro Aerial Vehicle’s
control and navigation also rely on SLAM. After Davison pro-
posed MonoSLAM [3], a real-time SLAM solution using only
a single camera, a lot of Monocular SLAM methods have been
proposed. PTAM [13] is the first real-time SLAM algorithm
based on bundle adjustment. LSD-SLAM [6] can build large-
scale, consistent maps of the environment. SVO [9] is a semi-
direct monocular odometry algorithm which is precise and
robust. ORB-SLAM [24] is a real-time versatile and accurate
Monocular SLAM system. Meanwhile, there are many studies
[8, 21] combining vision and IMU to realize motion tracking
with mainstream methods of Extended Kalman Filter (EKF)
and Multi-State Constraint Kalman Filter (MSCKF) [16].
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Fig. 4. Structure Definition of iTracker

III. SYSTEM OVERVIEW

In this section, we introduce the system overview of
iTracker. As shown in Fig. 3, iTracker consists of four parts:
1) Orientation Tracking Module; 2) Monocular-SLAM Calcu-
lation Module; 3) IMU-Monocular-SLAM EKF Module; and
4) Short-term Lost Recovery Module;

A. Definition

We define the notations used throughout the paper. Figure
4 shows the definition structure and the meaning of symbols
are listed in Table I.

Orientation and Position Definition: We use quaternion q
to present the orientation of smartphones in 3-D space. The
position is presented using a vector p in 3-D space, w means
angular rate, a means acceleration obtained from IMU and v
means velocity.

Feature Definition: In this work, a feature refers to a set
of salient image characteristics (e.g. points, lines, keyframes)
which are used to recover and refine the camera motion and
environment structure in vision-based SLAM. In addition,
information used in direct SLAM is also called a feature.

Frame and Camera Definition: As shown in Fig. 4, we
affix a coordinate frame I to IMU and a coordinate frame
C to a camera, while we track the smartphones with respect
to a fixed world coordinate frame G. We assume that the
intrinsic parameters of a camera are known from an offline
calibration procedure. We use superscripts and subscripts from
Craig to denote the relative frames of orientations and vectors.
A leading subscript means the frame being described and a
leading superscript means the frame which it is in reference to.
For example, C

I q̄ describes the orientation of frame C relative
to frame I . The transformation between the IMU frame and
camera frame is [CI q̄,CI p].

B. IMU Tracking Calculator Module

iTracker uses the IMU to calculate the smartphone orienta-
tion in this module. We use a gradient descent algorithm to
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TABLE I
SYMBOL DEFINITION

Symbol Meaning
q Orientation of smartphone
q̄ Normalized quaternion q: |q| = 1
p Position of smartphone
a Acceleration of smartphone
w Angular rate of smartphone
v Velocity of smartphone
C Coordinate frame to camera
I Coordinate frame to IMU
G Coordinate frame to world

[CI q̄,CI p] Transformation between IMU and Camera
[CGq̄,CGp] Camera orientation and position in world frame
[IGq̄, IGp] IMU orientation and position in world frame

track orientation. Position is not calculated in this module due
to the accumulative error [1]. In this work, we propose a new
method called the Real-time Step-Length Adaption Algorithm
to deal with scenario (1). Through this module, iTracker can
get output u including q, a and w from the IMU which can
be used for both the IMU-Monocular-SLAM EKF Module and
the Short-term Lost Recovery Module.

C. Monocular SLAM Calculator Module
We utilize the idea of existing Monocular SLAM methods

[9, 6]. However, the inputs of this module are not only camera
frames, but also the recovered camera states from the Short-
term Lost Recovery Module. iTracker updates the wrong states
using the recovered camera states in order to avoid a larger
drift when one of scenarios (2)-(4) happens. The output z
contains C

Gq̄ and C
Gp. What is more, we also consider the

rolling shutter problem in our Monocular SLAM method.

D. IMU-Monocular-SLAM EKF Module
iTracker fuses the outputs of the IMU-Tracking Calculator

and the Monocular-SLAM Calculator using Extended Kalman
Filter (EKF). The result of this module is used to update
the IMU-Camera state vector in the next module. Meanwhile,
our EKF solution is independent of the visual-based SLAM
algorithm and the IMU-tracking algorithm with a constant
computational complexity O(m), where m is the number of
features.

E. Short-term Lost Recovery Module
iTracker recovers the lost tracking in scenarios (2)-(4) with

this module. There are two key steps: 1) lost tracking detection
and 2) lost tracking recovery using our proposed Parallel-
Multi-State Local Algorithm. The last state recovered in the
IMU-Camera state vector is the final result of iTracker.

IV. SYSTEM DESIGN AND ALGORITHMS

The core function of iTracker is to efficiently estimate the
position and orientation of smartphones in real-time, using
an IMU and a camera. Our objective working scenario is an
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Fig. 5. Real-time Step-Length Adaption

unstructured and unknown environment where the features are
dynamic and may not be captured by the camera.

A. IMU Tracking Calculation
This module uses the IMU to calculate the orientation of

smartphones. We use a gradient descent algorithm with a novel
self-adaptive method to dynamically update the step length,
which greatly shortens the delay of orientation tracking.

Orientation tracking with the IMU: At first, we use
gyroscope to calculate the quaternion qw,t representing the
orientation of the world frame relative to the IMU frame at
time t:

qw,t = qI,t�1 + (
1

2
qI,t�1 ⌦ wt)�t (1)

where the subscript w indicates that the quaternion is calcu-
lated from angular rates; wt is the angular rate at time t; �t
is the sampling period and qI,t�1 is the previous estimation
of the IMU quaternion at time t� 1.

Then we use the accelerometer and magnetometer to cal-
culate the quaternion qg,t representing the real orientation at
time t with a gradient descent algorithm [20]. The process of
detailed calculation is omitted due to the sake of space. We
put the emphasis on how to calculate the final result qI,t using
qw,t and qg,t as follows.

Real-time Step-Length Adaption Algorithm: We use the
complimentary filter to combine the two results above:

qI,t = �tqg,t + (1� �t)qw,t (2)

where �t is the step-length and usually set as a constant. If
�t is small, a serious delay of qI,t will occur when the IMU
rotates very fast. Otherwise, if �t is large, qI,t will not be
stable when the IMU rotates slowly. Thus, we propose a real-
time threshold adaption algorithm which adapts the step length
�t according to the different moving pace. It is feasible to
implement such a light-weight algorithm in a resource-limited
device.
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Fig. 5 illustrates the work flow of step-length controller.
The Gyro-based monitor calculates the angular velocity of
hand rotation, which is denoted as HR. The Accel-based
monitor calculates the force exerted by a hand, which is
denoted as HF . Then the controller regulates HR and HF
by controlling the step length �t, adaptively. �t is incre-
mented when HR exceeds the maximum tolerable threshold
MAX HR or HF is below the minimum tolerable threshold
MIN HF . On the other hand, �t is decremented if HR
is below the minimum tolerable threshold MIN HR or if
HF exceeds the maximum tolerable threshold MAX HF . In
our empirical study, MIN HR is 12 degree/s, MAX HR
is 25 degree/s, MIN HF is 0.6 m/s2 and MAX HF is
1.5 m/s2. The experiments prove that the step-length adaption
algorithm works well because the gyroscope can monitor a
smooth and slow movement. Meanwhile, the accelerometer
and magnetometer can obtain the instantaneous orientation.
When the sensor rotates fast, the gyroscope can not response
in real-time and thus causes inevitable delay, so we put more
weight on qg,t. On the other hand, when the sensor rotates
slowly, the noise of accelerometer affects greatly, so we put
more weight on qw,t.

B. Monocular-SLAM Calculation

Most of existing Monocular-SLAM methods [6, 9] can only
work on global shutter cameras. In this module, we present
a novel solution for the rolling shutter cameras, which are
equipped by off-the-shelf smartphones.

We define a feature observed by the camera at time step j
as [Cfj q C

fj
p] which is normally used as a landmark to estimate

the camera state. Then we define the rolling-shutter model: the
first row is captured at time tj , the (n+ 1)th row is captured
at time tj + ntr, where tr is the time interval between two
consecutive rows and ntr is the readout time.

Rolling-Shutter Model: If a feature is projected on the n-
th row of the j-th frame, the feature observed is [Cfj q(tj +

ntr)
C
fj

p(tj + ntr)]. We calculate C
fj

q(tj + ntr) by the
integration of angular velocity as shown in Equation 3.

C
fj

q(tj +ntr) =
G
fj q⌦ (CGq(tj)+

Z tj+ntr

tj

1

2
qt⌦

C
Gwtdt) (3)

Then the position C
fj

p(tj + ntr) of the feature can be
calculated as follows:

C
fj

p(tj + ntr) =
C
GR(tj + ntr)(

G
fj p + C

Gp(tj + ntr)) (4)

= C
GR(tj + ntr)(

G
fj p + C

Gp(tj) +
Z tj+ntr

tj

C
Gvtdt) (5)

where C
GR(tj+ntr) means the rotational matrix correspond-

ing to C
fj

q(tj+ntr). Gfj p means the position in the world frame.
Using the model described by Equation 3 and 5, we can adapt
the existing Monocular-SLAM methods to the rolling shutter
cameras.

C. IMU-Monocular-SLAM EKF
The outputs of the IMU-Orientation Calculator and the

Monocular-SLAM Calculator are leveraged as the input of the
EKF module. As we know, the traditional EKF framework
[31, 15, 32] is divided into two essential steps: prediction
and update. Here we assume the IMU and the camera as a
prediction sensor and an update sensor, respectively.

System Statement: We define the state of EKF system as
Xt including I

Gp, I
Gv, I

Gq, C
I p, C

I q, gyro bias bw, acceleration
bias ba as well as a scale factor � which is evolved from prior
state at time t� 1 according to the following equation:

Xt = Ẋt�t = (f(Xt�1, ut) + w0)�t (6)

where ut is the output of IMU-Orientation Calculator in-
cluding q, w and a. wt means the processing noise and f is
the state transition function.

Prediction: ut triggers three basic steps in prediction.
• Calculate the next state Xt|t�1 = f(Xt�1|t�1, ut)�t
• Calculate the state transition matrix Ft and the process noise

covariance matrix Qt associated with w0

• Update the covariance matrix Pt|t�1 = FtPt�1|t�1Ft
T + Qt

Update: After receiving the measurement zt from the
Monocular-SLAM Calculator, iTracker starts the process of
update as follows:

• Calculate the measurement matrix Ht

• Calculate the residual r = zt � HtXt|t�1

• Calculate the innovation Kt = HtPt|t�1Ht
T + Rt

• Update State Xt|t = Xt|t�1 + Pt|t�1Ht
T K�1

t
• Update the covariance matrix Pt|t = Pt|t�1 � KtHtPt|t�1

where Rt is the covariance associated with the measurement
noise. The calculation of f , Ft and Qt is omitted due to the
sake of space, which will be public online.

D. Parallel-Multi-State Local Recovery
When one of scenarios (2)-(4) happens, the vision-based

SLAM method cannot work very well. The tracking trajectory
needs to be recovered within a short time, otherwise the
tracking will be seriously impacted and lost. To solve these
problems, we first detect the drift and false poses, and then
recover the lost tracking trajectory.

Preliminary: Our method records two state vectors in
parallel. One is derived from the result of IMU-Monocular-
SLAM EKF method. The other is from the result of solo IMU
Tracking Calculation. We maintain two state vectors. One is
comprised of N IMU-Camera (IC) states, and the other one is
comprised of M IMU states. Here we denote the frame rate
of IMU-Camera states XC as fC and the frequency of IMU
XI as fI .

XC = [XT
C1

XT
C2

... XT
CN

]T (7)

XI = [XT
I1 XT

I2 ... XT
IM ]T (8)

where X = [q̄T pT vT wT ]T and NfI = MfC . As we
know, calculating the position and velocity only by the IMU
is not accurate for a long range due to the accumulative error of
twice integration. Thus, we use the IMU for a short range and
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set M smaller than 10. Here we propose the conception Local
which means that the Pure-IMU state vector is calculated
according to the local information of IC state vector in order
to eliminate the accumulative error.

Pure-IMU State Vector: If we know the first item XI1 of
pure-IMU state vector with the IC states, the rest of items
can be calculated easily according to the State Transition
Algorithm 1.

However, these two state vectors are not aligned at the
beginning and hence we cannot simply replace the first Pure-
IMU state with the first IC state. Thus our goal is to calculate
XI1 . We only consider the case XI1 appears later than XC1 ,
and omit the previous states. The complete algorithm is shown
in Algorithm 2.

Lost Tracking Detection: We aim to detect the lost of
smartphone tracking. That is, we need to find the first false IC
state by comparing the corresponding states of two vectors.
We get �X(k) at time step k through equation 9. In a short
range, Pure-IMU will output an accurate result. Thus, we can
determine the tracking is lost when �X(k) becomes larger
than the threshold.

�X(k) = XCk � XIt (9)

= [qCk
⌦ q�1

It
pCk
� pIt vCk � vIt wCk � wIt ] (10)

Here the subscript k and t are not equal numerically because
the frequencies of XC and XI are different. What is more, XC

and XI do not begin at the same time and there will not be a
appropriate IMU-state corresponding to the IC-state shown in
Fig.??. Therefore, the key to calculate �X(k) is to determine
XIt . If we know the closest state i appearing before t, we can
calculate XIt with the help of XI1 . As we know the frequency
fC and fI and the beginning interval of the two state vectors,
we can get the index i as follows:

i = b
k
fC
��t
1
fI

c (11)

Finally, XIt can be calculated according to XIi . The Lost-
Tracking Detection algorithm is shown in Algorithm 3.

Lost-Tracking Recovery: When iTracker detects the false
tracking by calculating �X(k), it comes into the Lost-
Recovery procedure. It is obvious that all the rest states

Algorithm 1 State Transition
Input: State Xi; Time interval �t; Current acceleration a and

angular velocity w;
Output: Next State Xi+1;

1: Velocity vXi+1 = vXi + a�t
2: Angular velocity wXi+1 = w
3: Position Vector pXi+1

= vXi�t+ 1
2a�t2

4: Quaternion qXi+1
= qXi

+ ( 12qXi
⌦ w)�t

5: Normalize qXi+1

6: Xi+1 = [q̄T
Xi+1

pT
Xi+1

vTXi+1
wT

Xi+1
]T

7: return Xi+1

Algorithm 2 Pure-IMU-State-Vector-Calculation
Input: IMU-Camera state vector XC ; Frequency of IMU-

Camera fC ; Frequency of IMU fI ; The time interval �t;
IMU readings a and w;

Output: Pure-IMU state vector XI ;
1: Calculate the acceleration aC12 between XC1 and XC2

2: aC12 = 1
fC

(vC2 � vC1)
3: XI1  State Transition (XC1 , �t, aC12 , wC1 )
4: while index is less than M do
5: Record the reading of IMU: a and w
6: XIindex  State Transition (XIindex�1 , �t, a, w)
7: index = index+ 1
8: return XI

Algorithm 3 Lost-Tracking Detection
Input: IMU-Camera state XCk ; Frequency of IMU-Camera

fC ; Frequency of IMU fI ; The time interval �t;
Output: IMU hidden state XIt ;

1: Index i Closest-IMU-State-Index(XCk , fC , fI ,�t);
2: �ti,t =

k
fC
� ( i

fI
+�t)

3: XIt  State Transition (XIi , �ti,t, aIi , wIi )
4: �X(k) = XCk � XIt

5: if �X(k) > ThresholdX then
6: isLost true;
7: else
8: isLost false;
9: return XIt and isLost

after XCk are wrong because they are calculated based on
XCk . The IMU states are more accurate than the wrong IC
states. Therefore iTracker replaces those wrong IC states with
the IMU states. However, iTracker also meets the alignment
problem due to the different frequency and beginning time.
iTracker calculates the rest hidden IMU states with the same
idea of Lost-Tracking Detection. Then we use these hidden
IMU states to recover the wrong IC states. Lastly, iTracker
utilizes the recovered IC states to update the wrong states in
Monocular SLAM Calculator to avoid a larger drift which
affects the IMU-Monocular-SLAM EKF in turn.

V. EVALUATION

A. System Implementation
We have implemented iTracker on SAMSUNG GALAXY

S5 and SAMSUNG GALAXY Note One which equip with
the IMU working at 50Hz and a rolling shutter camera with
sampling rate of 25FPS. The underlying Android OS is 2.3.3
and 4.4. All the modules including IMU orientation tracking,
Monocular-SLAM algorithm, IMU-Monocular-SLAM EKF
and Parallel-Multi-State Local Recovery are developed in C++
using Android NDK. The trajectory displaying tool and posi-
tion error predictor is implemented with Matlab and LibSVM
library, respectively.

System Overhead: iTracker costs only 5.4M memory when
it is running. To measure the energy consumption with Pow-
erTutor, a power monitor based on Android platform, we
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TABLE II
COMPARISON OF THREE ORIENTATION-TRACKING METHODS

Method Time Error Delay

iTracker
20 s 1.3� 0.3 ms

1 min 4.8� 3 ms
5 mins 6.7� 15 ms

Android API
20 s 3� 0.7 ms

1 min 15� 12 ms
5 mins 20� 17 ms

Magwick’s Method
20 s 1.5� 0.5 ms

1 min 4.5� 20 ms
5 mins 6.9� 1 s

stop all the other applications and services including Wifi,
GPS, Bluetooth and Cellular. In 20 minutes, the total energy
consumption is 36J, of which the camera accounts for 32J.

System Runtime: We evaluate the delay of tracking to
prove the real-time capability of iTracker. According to the
experiments, the process of estimating smartphone states costs
115ms on average. The time consumption mainly depends on
the Monocular-SLAM methods. In this work, our vision-based
SLAM method costs 23.23ms. Because the proposed EKF
method is independent of Monocular-SLAM method and the
features are not included in the state vector, its computational
complexity is constant and costs about 9ms. Meanwhile, the
images are captured at 25HZ and the readout time is 32ms.

B. Evaluation Methodology
We evaluate iTracker in different environments correspond-

ing to the scenarios (1)-(4), including the fast movement, fast
rotation and etc. We use a Leap Motion capturing system to
get the ground-truth, which can achieve a tracking accuracy
within 0.5mm. Specifically, we evaluate iTacker through three
aspects: the algorithm of real-time step-length adaption, the
recovery algorithm for short-term lost cases, and the long-
range tracking. During the experiments, we focus on the
performance of accuracy and delay of iTracker.

C. Real-time Step-Length Adaption Evaluation
We evaluate the adaptive step-length method in comparison

with original Android API and Magwick0s method [20]. The
Android API mainly uses Kalman Filter to track the phone
attitude dynamically and Magwick0s method uses gradient
descent algorithm to track the orientation. For each method,
we initialize smartphone with a preset attitude and rotate it for
20 seconds, 1 minute and 5 minutes. and then put it back to
the original attitude. Each experiment is repeated for 20 times.
The average error and delay are shown in Table. II. Here delay
is defined as the time period from the smartphone being static
to the orientation being fixed.

Results Analysis: As we can see, when the smartphone is
rotated for 20 seconds, all the methods perform well with error
between 1� to 3� and delay less than 1ms, of which iTracker
achieves the least error and delay. As the running time goes
on to 1 minute, the error and delay of the Android API have

increased by 5 times and 17 times, respectively. Magwick’s
method performs well in error control but needs 20ms to fix
the orientation while iTracker only cost 3ms. After 5 minutes,
the error of the Android API grows up to 20� with a delay of
17ms. Magwick’s method performs comparably with iTracker,
but costs nearly 66 times as much delay as iTracker needs.
Through the experiments, it is proved that the error and delay
of iTracker increase slightly as the time moves on and maintain
stable within 7� and 15 ms due to the proposed algorithm of
Real-time Step-Length Adaption.

D. Short-term Lost Recovery Evaluation
We test the performance of the Parallel-Multi-State Lo-

cal Recovery algorithm in four scenes: ordinary scene, fast-
moving scene, feature-less scene, and unstructured scene. As
Fig. 11 (a)(b)(c) show, in the ordinary and fast-moving scene,
we put enough static objects to make sure there are enough
image features, and then measure the performance of iTracker
at different moving speeds. In the feature-less scene, we make
the camera face toward a white board intentionally. Lastly, we
choose a public area full of walking people as the unstructured
scene. For each scene, we run iTracker, SVO and MSCKF in
parallel threads on one smartphone application with a circle
movement for 10 seconds and use Leap Motion to capture the
ground-truth. As shown in Fig.6 to Fig.9, we draw the inferred
trajectories compared with the ground-truth path intuitively.

Result Analysis: In general, all the methods perform well
in the ordinary scene, but iTracker outperforms SVO and
MSCKF in the other scenes, obviously. The tracking with SVO
is lost abruptly due to it mainly depends on the camera. When
the working scenario for SLAM algorithm is complicated,
the performance will decrease greatly. The trajectory result of
MSCKF seems like a circle but has a large drift. What is more,
the accumulative error becomes more severe as the time goes
on. By contrast, the performance of iTracker is stable and not
impacted strongly by the environment changes. By combining
the IMU and local information, iTracker is able to recover the
lost cases in real-time and eliminate the accumulative errors
continuously.

Accuracy Evaluation: We evaluate the tracking accuracy
of iTracker in different scenes and compare three methods
by calculating the value of Dynamic Time Warping (DTW)
[12] between the inferred trajectories and ground truth. DTW
distance is used to characterize the similarity between two
trajectories. The more similar the two trajectories, the smaller
the DTW distance will be and vice versa. As shown in
Fig.11(d), all the methods perform well in the ordinary scene,
and the DTW distances are less than 23cm. In the same scene,
if we move the smartphones fast, the DTW distance of SVO
increases over 80cm, which is a serious deviation from the
real trajectory. In the feature-less and unstructured scenes,
iTracker performs stably but the DTW distance drift of SVO
and MSCFK is over 3m in scenarios (2)-(4). Through the
experiments, we found that the moving feature is the most
influential factor for iTracker due to the cold-start problem. In
the future work, we will enhance iTracker’s vision ability of
feature capture and identification.
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Fig. 6. Ordinary Scene
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Fig. 7. Fast-moving Scene
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Fig. 8. Feature-less Scene
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Fig. 9. Unstructured Scene

E. Long-range Tracking Evaluation

Performance: We evaluate the performance of iTracker in
long-distance tracking by running it on an outdoor trajectory
for about 30 minutes, which includes the above four scenes
and several fast rotations. Figure 10 shows two nearly 2400
meters long close-loop trajectories, where the red line is the
ground-truth generated by the GPS and the blue dot line is
inferred by iTracker. As we can see, the two trajectories are
nearly overlapped. The real trajectory stops at the starting point
while the distance between the destination point and starting
point with iTracker is 16.9 meters, which is only 0.7% of the
whole trajectory. Through the experiment, it is proved that
iTracker is able to estimate the positions at high precision in
real-time without any external reference signals and devices.

Overhead: We also measure the overhead of iTracker
during this long-term tracking. Fig. 11(e) shows the power
consumption of iTracker in 30 minutes. For every 5 minutes,
the consumption increases steadily by about 9J. Nearly 89% of
energy consumption comes from the camera and about 4% is
cost by IMU orientation calculating. Besides that, our IMU-

                iTracker
               Approx. ground-truth Unstructured Scene

Fast-Moving Scene

Moving Speed

Feature-Less Scene

Fast-Rotation

Fig. 10. Comparison between iTracker and GPS in long-range

Monocular-SLAM EKF algorithm and other basic functions
cost the left 7% of energy consumption. Theoretically, iTracker
consumes less than 10% of smartphone’s power averagely and
is able to keep running continuously for more than 6 hours.

VI. CONCLUSION

In this paper, we have shown the design, implementation
and evaluation of iTracker, a system that realizes sustained
and stable 6DOF tracking in the undesirable environment
with smartphones. iTracker improves the performance in two
aspects: IMU-orientation tracking and 6DOF position tracking.
Previous IMU-orientation tracking methods cannot deal with
the varying rotation speeds which can affect the accuracy of
position tracking results. We propose a Real-time Step-Length
Adaption Algorithm to track the orientation in real-time at
different rotation speeds. Meanwhile, the previous work cannot
track the positions well in three situations: 1) unstructured
environment where the features are moving; 2) features are not
distinct in the environment; 3) the moving speed is too fast.
To overcome these issues, we propose a Parallel-Multi-State
Local Recovery method utilizing short-term IMU tracking and
local information of IMU-Camera to realize quick recovery
while the tracking is lost.
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